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forming shot clustering of the plurality of video shots to
determine concept patterns based on the visual features. The
method further comprises fusing different concept patterns
using a saliency tuning method and generating a summary of
the video based upon a global optimization method.
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1
METHOD AND SYSTEM FOR VIDEO
SUMMARIZATION

This application claims the benefit of U.S. Provisional
Application No. 61/413,836, filed on Nov. 15, 2010, entitled
“Method and System for Video Summarization,” which appli-
cation is hereby incorporated herein by reference in its
entirety.

TECHNICAL FIELD

The present invention relates to image processing, and, in
particular embodiments, to a method and system for video
summarization.

BACKGROUND

The fast evolution of digital video has brought many new
applications and consequently, research and development of
new technologies, which will lower the costs of video
archiving, cataloging and indexing, as well as improve the
efficiency, usability and accessibility of stored videos are
greatly needed. Among all possible research areas, one
important topic is how to enable a quick browse of a large
collection of video data and how to achieve efficient content
access and representation.

To address these issues, video abstraction techniques have
emerged and have been attracting more research interest in
recent years. There are two types of video abstraction: video
summary and video skimming. Video summary, also called a
still abstract, is a set of salient images selected or recon-
structed from an original video sequence.

Video skimming, also called a moving abstract, is a collec-
tion of image sequences along with the corresponding audios
from an original video sequence. Video skimming is also
called a preview of an original video, and can be classified
into two sub-types: highlight and summary sequence. A high-
light contains the most interesting and attractive parts of a
video, while a summary sequence renders the impression of
the content of an entire video. Among all types of video
abstractions, summary sequence conveys the highest seman-
tic meaning of the content of an original video.

One prior art method is uniform sampling the frames to
shrink the video size while losing the audio part, which is
similar to the fast forward function seen in many in digital
video players. Time compression methods can compress
audio and video at the same time to synchronize them, using
frame dropping and audio sampling. However, the compres-
sion ratio can be limited by speech distortion in some cases.
Frame-level skimming mainly relies on the user attention
model to compute a saliency curve, but this method is weak in
keeping the video structure, especially for a long video. Shot
clustering is a middle-level method in video abstraction, but
its readability is mostly ignored. Semantic level skimming is
a method trying to understand the video content, but can be
difficult to realize its goal due to the “semantic gap” puzzle.

SUMMARY OF THE INVENTION

In accordance with an embodiment, a method comprises
dividing a video into a plurality of video shots, analyzing each
frame in a video shot from the plurality of video shots, deter-
mining a saliency of each frame of the video shot, determin-
ing a key frame of the video shot based on the saliency of each
frame of the video shot, extracting visual features from the
key frame and performing shot clustering of the plurality of
video shots to determine concept patterns based on the visual

10

15

20

35

40

45

55

2

features. The method further comprises fusing different con-
cept patterns using a saliency tuning method and generating a
summary of the video based upon a global optimization
method.

In accordance with another embodiment, a system com-
prises an extracting unit extracting a plurality of video shots
from a video, an analyzer determining a saliency of each
frame of a video shot from the plurality of video shots, a key
frame determiner determining a key frame of the video shot
based on the saliency of each frame in the video shot, a visual
feature extractor extracting visual features from the key
frame, a shot clustering block performing shot clustering of
the plurality of video shots to determine concept patterns
based on the visual features. The system further comprises a
saliency tuning block performing fusing different concept
patterns using a saliency tuning method and a summary gen-
erator generating a video summary based upon a global opti-
mization method.

The foregoing has outlined rather broadly the features of an
embodiment of the present invention in order that the detailed
description of the invention that follows may be better under-
stood. Additional features and advantages of embodiments of
the invention will be described hereinafter, which form the
subject ofthe claims of the invention. It should be appreciated
by those skilled in the art that the conception and specific
embodiments disclosed may be readily utilized as a basis for
modifying or designing other structures or processes for car-
rying out the same purposes of the present invention. It should
also be realized by those skilled in the art that such equivalent
constructions do not depart from the spirit and scope of the
invention as set forth in the appended claims.

BRIEF DESCRIPTION OF THE DRAWINGS

For a more complete understanding of the present inven-
tion, and the advantages thereof, reference is now made to the
following descriptions taken in conjunction with the accom-
panying drawing, in which:

FIG. 1 illustrates a flow chart of an embodiment video
summarization system;

FIG. 2 illustrates a hierarchical structure of video scenes,
shots and frames in accordance with an embodiment;

FIG. 3 illustrates a procedure of generating a relative
motion word in accordance with an embodiment;

FIG. 4 illustrates an embodiment saliency masking of
audio words;

FIG. 5 illustrates an embodiment method of how to set the
scaling factors of a plurality of views based upon different
camera movements;

FIG. 6 illustrates a substructure for a dynamic program-
ming solution in accordance with an embodiment; and

FIG. 7 illustrates a simplified block diagram of a computer
system that can be used to implement the video summariza-
tion method in accordance with an embodiment.

DETAILED DESCRIPTION OF ILLUSTRATIVE
EMBODIMENTS

The making and using of the presently preferred embodi-
ments are discussed in detail below. It should be appreciated,
however, that the present invention provides many applicable
inventive concepts that can be embodied in a wide variety of
specific contexts. The specific embodiments discussed are
merely illustrative of specific ways to make and use the inven-
tion, and do not limit the scope of the invention.

Video skimming is a task that shortens video into a tem-
porally condensed version by which viewers may still under-
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stand the plot of original video. This technique allows viewers
to quickly browse of a large multimedia library and thus
facilitates tasks such as fast video browsing, video indexing
and retrieval. The performance of video summarization
mainly lies in the following two aspects, namely video high-
lights and information summary.

Video summarization enables viewers to quickly and effi-
ciently grasp what a video describes or presents from a shorter
summarized version. To meet this need, it is intuitive to
extract the main skeleton from the original video, regard it as
a set of video highlights and keep them in the summarized
video. Video skeleton could be seen as a queue of concept
patterns or a sequence of scenes with certain semantic impli-
cations in a temporal order.

Concept pattern here is not as high-level as real semantic
concept, which is learned by human intervention. In this
technique, concept pattern encodes the semantic meanings of
shots (one shot is defined as a set of consecutive similar video
frames and the transition between two consecutive shots is
termed as the shot boundary), symbolizes shot group that
portraits consistent semantic settings and generally possess
the capability as a hallmark or self-evident clue that hints the
development of the original video. Viewers may possibly
recover the plot by only watching and hearing a handful of
shots as long as all concept patterns are conveyed.

Typically, a video depicts sequential or simultaneous sto-
ries one after another. A shot itself does not have much mean-
ing in a story though it is often regarded as a fundamental unit
of'avideo production. Instead, a basic unit of the story can be
a scene, which is defined as a sequence of interconnected and
temporally adjacent shots depicting and conveying a common
semantic thread.

A summary of a video is generally highly expected by
viewers. Often in a video, there may be a few scenes illustrat-
ing the whole story and various shots conveying the same
concept patterns. When selecting representative shots con-
veying a concept pattern, the ones generating the largest
stimulus to the human attention would be favored, so that the
resultant summarized video not only contains integral con-
cept patterns, but also carefully selects shots with rich infor-
mation to reflect the concept patterns. Moreover, it is also
reasonable to select more shots from a long-elapsed scene
which usually highlights an import story unit.

Though video highlights and shot concept pattern
instances are vital to perceive the interesting content of a
video, it is often uncomfortable for a viewer to continuously
watch video highlights that are temporally far apart. There-
fore, it is reasonable to include a few transition shots to fill the
information gap between distant video highlights to over-
come the sudden jump in the logical story illustration as well
as preserve decent coverage of the overall information.

Concept patterns, mostly generated by clustering-based
approaches do not necessarily enforce the criterion that the
discovered summary highlights diverse aspects of the video.
The summarization results with the optimal selection of video
highlights can be easily skewed by uneven statistical distri-
bution of the video segments such as shots or subshots. So a
criterion called information coverage is required in the opti-
mization objective to preserve the diversity of the video sum-
marization. This criterion can work to span and distribute
uniformly over the entire video in the objective function.

FIG. 1 illustrates a flow chart of an embodiment video
summarization system. The method described in the imme-
diately preceding paragraph can be implemented in a system
as shown in FIG. 1. The embodiment video summarization
system may include an extracting unit 102, an analyzing unit
104 and a summarizing unit 106. The extracting unit 102 is
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configured to extract visual and audio features at the frame
level. The analyzing unit 104 is configured to analyze of shot
concept patterns and scene structures. The summarizing unit
106 is configured to summarize the original video from the
viewpoint of shot sequence reassembly.

The extracting unit 102 extracts visual, motion and audio
features from the sampled frames in each shot. The visual and
audio features include Scale Invariant Feature Transform
(SIFT) features in a whole video frame, motion vectors of a
moving object and Matching Pursuit (MP) decomposition of
overlapped short-term audio segments in each shot.

The analyzing unit 104 analyzes the high-level concepts
and structures of the original video. Video shots with similar
content are grouped into shot concept patterns as the follow-
ings: the extracting unit 102 extracts Bag-of-Words (BoW)
descriptors (SIFT based visual BoW descriptor, local motion
BoW descriptor and Matching-pursuit based audio BoW
descriptor) for each shot from the visual, motion and audio
features extracted in the previous step, and then cluster the
three types of BoW descriptors into several groups by spectral
clustering, respectively. Each concept pattern (cluster) repre-
sents a set of video shots with similar visual, motion or audio
content. Moreover, a number of interrelated shots unified by
location or dramatic incident constitute a video scene in a
scene transition graph (STG). The analyzing unit 104 can
associate each shot with its semantic label such as visual
concept pattern, and then identify the label subsequences that
are of minimal length and contain recurring labels.

The summarizing unit 106 summarizes the original video
from the viewpoint of shot sequence reassembly. The sum-
marizing unit 106 generates the condensed video excerpt of
the desired skimming length by concatenating a group of
shots that no only contain maximum achievable saliency
accumulation but also span and distribute uniformly over the
entire video. The former criterion tries to preserve the video
highlights such as interesting video scenes and shot concept
patterns, and the latter one attempts to provide good informa-
tion coverage of the whole video. In order to meet the above
criteria, the summarizing unit 106 formulates a global opti-
mization framework to address the shot selection problem
and solve it by a dynamic programming method.

FIG. 2 illustrates a hierarchical structure of video scenes,
shots and frames in accordance with an embodiment. As
illustrated in FIG. 2, generally, a video 202 can be decom-
posed in a hierarchical form as
“videos—>scenes—shots—subshots—keyframes”. In other
words, the video 202 can be divided into a plurality of scenes
204. The scene 204 can be further divided into a plurality of
shots 206. Each shot such as shot 206 may comprise a plu-
rality of subshots 208. Each subshot may comprise a plurality
of'key frames 210.

The scene 204 is defined as a collection of semantically
related and temporally adjacent shots, depicting and convey-
ing a high-level concept. The shot 206, the fundamental unit
of'a video production, is an uninterrupted clip recorded by a
single camera. The subshot 208 is a segment within a shot
(e.g., shot 206) that corresponds to a unique camera motion,
such as panning/tilting, zooming and static. The keyframe
210 is the frame which best represents the content of a shot
(e.g., shot 206) or a subshot (e.g., subshot 208).

In accordance with an embodiment, temporal segmenta-
tion for video stream is archived using shot detection. A
variance-difference based approach is used to detect a shot
change, and robustly detects scene cuts and fades between
scenes. The variance of a frame is calculated and the delta
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variance with its previous frame Dvar is recoded. In accor-
dance with an embodiment, the criteria for Dvar to start a new
shot are:

a. Dvar (current)<Th1 (stability requirement)

b. maxDvar(start to current)-minDvar(start to current)
>Th2 (tolerance requirement)

c¢. Frame number in current shot>Th3 (shot length require-
ment)

In alternative embodiments, other techniques can be used.
For example, shot boundaries can also be found using color
histogram based approaches or optical-flow motion features.
For processing convenience, in some embodiments, audio
data are segmented into pieces, where each piece has its
boundaries synchronized to its co-located video shot in time
axis.

The subshot 208 is a segment within the shot 206. Gener-
ally, it is defined to contain a unique camera motion. There-
fore, subshot segmentation can be accomplished through
camera motion estimation. For example, consider a shot (e.g.,
shot 206) in which the camera moves as follows: zoom out,
then pan from left to right and zoom in to a specified object
and finally stop. This shot can then be divided into three
subshots, including one zooming out, one panning, and one
zooming in. Camera motion between two adjacent frames can
be computed by estimating a two dimensional rigid transfor-
mation based on the corresponding KT (Kanade-Lucas-To-
masi Feature Tracker) key point tracks on the two frames.
Details about KLT are referred to in J Shi and C Tomasi
(1994), “Good Features to Track,” IEEE Conference on Com-
puter Vision and Pattern Recognition, pages 593-600, which
is incorporated herein by reference. Suppose a KLT key point
is located at (x,y) in frame t, the corresponding KLT key point
is tracked at (x',y") in frame (t+1), the transformation from
(x,y) to (x',y') can be expressed as

X scosf  ssinf [ x b,
M R I W
y —ssinf  scos@ || y b,

where s, 0, bx, by are camera parameters, s is the zooming
factor, 6 is the counterclockwise rotation degree, bx corre-
sponds to the pan movement, and by corresponds to the tilt
movement.

Given a set of KLT key point correspondences, the matrix
A and vector b can be solved using the robust RANdom
SAmple Consensus (RANSAC) rigid transformation estima-
tion. The details about RANSAC are discussed in M. A.
Fischler and R. C. Bolles (1981), “Random Sample Consen-
sus: A Paradigm for Model Fitting with Applications to Image
Analysis and Automated Cartography,” Comm. of the ACM
24:381-395, which is incorporated herein by reference.

Keyframes are the frames in a video sequence that can best
represent the content of the video shots or subshots. Adaptive
keytrame selection is employed to select keyframes accord-
ing to an embodiment. An adaptive keyframe selection
method is illustrated in Table. 1.

X

’

y

TABLE 1

Adaptive Keyframe Selection

Motion type Keyframe selection in a subshot
static select the median frame
pan or tilt sample every 20 frames

Zoom select the first and last frames
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In accordance with an embodiment, a video shot such as
shot 206 can be characterized by three types of features:
visual features, motion features and audio features.

With regard to visual features, Lowe’s algorithm for SIFT
feature detection in keyframes is employed. A frame is con-
volved with Gaussian filters at different scales, and then the
differences of successive Gaussian-blurred versions are
taken. Key points are located as maxima/minima of the Dif-
ference of Gaussians (DoG) that occur at multiple scales.
Then, low-contrast key points are discarded, high edge
responses are eliminated. After that, each key point is
assigned one or more orientations based on the local gradient
directions. Finally, a highly distinctive 128-dimension vector
is generated as a visual feature vector. Details of SIFT are
referred to in Lowe, David G. (1999), “Object recognition
from local scale-invariant features,” Int. Conference on Com-
puter Vision. 2. pp. 1150-1157, which is incorporated herein
by reference.

With regard to motion features, local motion information is
obtained by computing the relative motion of the KLT key
points in the foreground point set. After the ego-motion com-
pensation phase, the relative motion of foreground points can
be accurately derived by measuring the distance between
corresponding foreground key points of two frames.

Suppose P,(i)=[x,(i), y,(i)]” represents the ith KLT key
point at frame t, after At frames, the corresponding key point
is tracked at p,, , (0)=[X,, o (i), Vs, 21)]%, the rigid transforma-
tion matrix A’ and vector b,/ are estimated based on all
the key point correspondences from frame t to frame (t+At);
the relative motion vector m (i) can be computed as follows:

P adD =P adi+h(0));

where this process is often known as the ego-motion compen-
sation that tries to eliminate unexpected background motion
caused by camera movement. Practically, the foreground
point set contains a point p,(i) associated with its relative
motion vector m,(i), whose 2-norm |m,(i)|,>M, where
M=max(wid,hei)/128, and (wid, hei) represents the video
frame width and height. For example, for a typical 640x480
video frame size, M=5, which suggests a key point with more
than 5 pixel shift should be regarded as a foreground point.

In accordance with an embodiment, the polar coordinate
system is utilized to capture the angles and the distances of a
relative motion vector. The Cartesian coordinates of a relative
motion vector m,(i)=[x,y]? can be transformed to its polar
coordinate r,(i)=(p,0), where p is the distance and 0 is the
angle. A polar coordinate of a relative key point motion vector
is used as a motion feature vector. A frame t is sampled every
10 frames in a shot, and At=5, to encourage large foreground
motion and be robust to separate foreground and background
key points.

With regard to audio features, the audio stream of a shot is
chopped into multiple overlapped short-time audio segments
with equal length. Audio feature extraction is then performed
on those audio segments by Matching Pursuit (MP) decom-
position. In order to improve the robustness of an audio fea-
ture, only audio segments above an acoustic saliency level are
considered to avoid the negative effect on the accuracy
exerted by low salient audio segments, due to its small value
compared with noise.

In accordance with an embodiment, the MP method is
employed to decompose an audio segment into a series of
overlapped short-time audio segments. Although many
acoustic features such as MFCC, LPCC for recognition pur-
pose are available, they are only suitable for structured audio
streams, such as music or speech. MP, however, is able to
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feature ambient sound and other unstructured sound, thus
access much more information to enhance the awareness of a
latent concept pattern.

For an audio word as a short-time audio segment with a
certain length, its unique acoustic characteristic can be
encoded by a set of base functions in a reference dictionary
and corresponding correlation coefficients. The MP method
enables an efficient sparse representation of the audio seg-
ment. MP decomposition is performed in an iterative fashion:
at each step, a basis of a given dictionary is selected by
maximizing the energy removed from the residual signal the
iteration continues until the maximum number of loop or,
equivalently, the number of basis used to reconstruct signal is
reached. Thus, MP ensure the resultant sparse representation
the most efficient in the sense that the reconstructed signal
based on the selected basis takes up a larger percentage than
any other decomposition method. Details of MP are discussed
in S. G. Mallat and 7. Zhang, “Matching Pursuits with Time-
Frequency Dictionaries,” IEEE T-SP, December 1993, pp.
3397-3415, which is incorporated herein by reference.

In accordance with another embodiment, Gabor dictionary
with Gabor waveform basis is employed. Each particular
Gabor waveform is indexed by its scale, frequency and trans-
lation from origin as in the following Gabor function defini-
tion. MP is one type of greedy algorithm: starting from the
original audio signal, each basis in the Gabor dictionary is
paired with the signal to calculate their correlation coeffi-
cients. Then the basis with the biggest coefficients is chosen
as it is most similar with the signal among all bases. Then
residual signal is calculated as the difference of original sig-
nal from the reconstructed signal by the chosen basis. In the
next iteration, the same operations are applied except for the
original signal is replaced by the residual signal and the Gabor
dictionary is the one with the chosen basis in last iteration
removed. The process stops until the number of iterations
reaches the maximum number specified.

The Gabor function is defined by

Koo
opnd() = 22 exp /2 o Dreon — ) + 0]

N

where s, |, w, 0 are scale, translation, frequency and initial
phase respectively.

In accordance with an embodiment, the bases in Gabor
dictionary all have 256-point length. To encode a short-time
audio segment by MP decomposition, the length of the short-
time audio segment is made to 256-point as well to neatly
align with the Gabor base function. Applying MP, an audio
segment can be represented by an audio feature vector, each
entry of which symbolizes the coefficients ofa selected Gabor
basis. In accordance with an embodiment, the MP algorithm
is implemented:

Input: Signal: f{t).
Output: List of coefficients: (a,,g,,)
Initialization:
Rf} < f(t)
Repeat
g,, € D with maximum inner product (Rf,.g,,,)
8, < (Rf,&,,)
Rf,,; < Rf, - a,g,
n<n+1l
Until stop condition (for example: |IRf, |l < threshold).

Concept pattern learning is described in detail below. In
accordance with an embodiment, Bag-of-Words (BoW) mod-
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els are used to characterize the shot properties in visual,
motion and audio domains, respectively. The Bag-of-Words
(BoW) model was initially utilized in Natural Language Pro-
cessing to represent the structure of a text. For example, a
BoW model regards a text document as a collection of certain
words belonging to a reference dictionary but ignores the
order and semantic implications of words. A BoW model uses
the occurrence of each word in the dictionary as the descriptor
of text, thus it often ends up as a sparse vector. The BoW
descriptor can be regarded as the “histogram representation
based on independent features™. As a result, a shot can be
regarded as a text document with regard to some embodi-
ments. However, since all of “visual words”, “motion words”
and “audio words” in a shot are not ready-for-use like the real
words in text documents, and therefore those “words™ need to
be well defined. In accordance with an embodiment, the
determination of a “word” usually involves two steps: code-
word generation and feature extraction.

With the BoW descriptors available for each shot under
both visual, motion and audio domains, shots in original
video are ready for clustering to discover the latent concepts.
Visual, motion and audio BoW models are processed inde-
pendently so that they can provide mutual reliability to each
other. A compelling clustering method would first be able to
group the data correctly, even though the numbers of data in
different clusters are considerably different. Spectral cluster-
ing method is used to learn the possible concept from shots,
which can provide a state-of-the-art classification result.

A visual and audio BoW model is described in detail below.
SIFT features are found on the keyframes of each shot. As a
result, a shot as a bag has a collection of “visual-words”, each
of which is a vector of dimension of 128. The number of
words in a shot is equal to the number of SIFT features found
on all the key-frames in this shot. A shot containing SIFT
features can now be regarded as a text document that has
many words In order to generate the histogram representation
as the BoW descriptor for the shot, a “codebook™ (“dictio-
nary”) is built as the collection of a variety of “words” should
be treated as one “codeword,” as in text documents, “take”,
“takes”, “taken” and “took” should be regarded as the same—
“take”, as its codeword. The bags of words in visual appear-
ance are referred to in L. Fei-Fei and P. Perona, “A Bayesian
Hierarchical Model for [.earning Natural Scene Categories,”
IEEE CVPR’05. pp. 524-531, 2005, which is incorporated
herein by reference.

A visual codeword can be considered as a representative of
several similar SIFT features. K-means clustering over a vari-
ety of SIFT features is employed according to an embodi-
ment. The variety of SIFT features are typically extracted
from a long elapsed video offline. The number of the clusters
is equal to the codebook size, which is analogous to the
number of different words in a text dictionary. After cluster-
ing, codewords are the cluster centers, and each “word” in a
shot is mapped to a certain codeword by finding the closest
codeword measured by the 2-norm of vector difference in the
high dimensional vector space.

As aresult, each shot can be represented by a histogram of
the codewords, each entry of which essentially records the
number of occurrence of the codeword that the entry repre-
sents. Moreover, to construct a more powerful BoW histo-
gram, the tf-idf weighting scheme is employed. The tf-idf
weight is a statistical measure used to evaluate how important
a codeword is to a document in a corpus. The importance
increases proportionally to the number of times a word
appears in the document but is offset by the frequency of the
word in the corpus. For example, in a document BoW histo-
gram, the document may contain 100 words wherein the word
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“cow” appears 3 times. The term frequency (tf) for “cow” is
then 0.03 (3/100). Now, assume there may be 10 million
documents and “cow” appears in one thousand of these. Then,
the inverse document frequency (idf) is calculated as log
(10°7/1073)=4. The tf-idf weight is the product of the above
quantities: 0.03x4=0.12. The final BoW histogram is
regarded as the BoW descriptor. Consider the complexity ofa
video sequence; we suggest using 800 codewords for visual
clustering.

The audio BoW model is quite similar to the visual BoW
model; the only difference is that the raw audio feature is a
vector of dimension 0of 256. In contrast, the audio BoW model
uses 50 audio codewords.

A motion BoW model is described in detail below. The
codeword generation process can be easily implemented by
using the motion BoW model. Polar coordinates r,(i)=(p,0)
can be used to represent the motion features. As a result, the
polar coordinate system can be quantized into radial and
angular bins to construct motion codewords.

FIG. 3 illustrates a procedure of generating a relative
motion word in accordance with an embodiment As shown in
FIG. 3, provided that the radial coordinate is divided into K
bins and the angular coordinate is divided into N equal bins,
the 2D bins are concatenated so as to construct the relative
motion codebook with the size of KxN. And then each rela-
tive motion vector r,(i) can be put into one of the KxN bins to
find the closest motion codeword. The rest techniques used in
the motion BoW model is similar the one illustrated herein.

Empirically, the radial coordinate is divided into 4 bins:
[5,8), [8,11), [11,18), [18,+) for a typical 640x480 frame
size; and the angular coordinate is divided into 4 bins: [-45°,
45°), [45°,135°), [135°,225°), [225°,315°).

Concept learning by spectral clustering is described in
detail below. To construct concept patterns the three types of
BoW descriptors are clustered into several groups by spectral
clustering, respectively.

Spectral clustering minimizes an objective function that
cancels out the negative effect due to imbalanced division of
number of members in different clusters. Thus even though
original video contain concept patterns that consist of signifi-
cantly different number of shot members, spectral clustering
is free of artificial bias of a division of uniform number of
members and is capable of dividing them correctly as long as
the feature measure make the shots in same concept consis-
tent.

Another advantageous feature of spectral clustering is that
it favors to classify locally-correlated data into one cluster
because it adds another constraint to distinguish the close-
located or locally-connected data and increase their similarity
to be divided into one group. By this constraint, the clustering
result approaches human intuition that a cluster with consis-
tent members is generally subject to a concentrated distribu-
tion.

By the virtue of spectral clustering, latent concepts are
independent from the number allocation of shot members in
different clusters. Meanwhile, due to the favor of locally-
connected data into a single cluster, the learned concept tends
to be self-contained, which is desirable to represent a video
skeleton. The algorithm of spectral clustering is as follows,
whichisdiscussed in A. Y. Ng, M. 1. Jordan, and Y. Weiss, “On
spectral clustering: Analysis and an algorithm,” Advances in
Neural Information Processing Systems (NIPS) 14, 2002,
which is incorporated herein by reference.

10

15

20

25

30

35

40

45

50

55

60

65

10

Normalized spectral clustering according to Ng, Jordan, and Weiss (2002)

Input:  Similarity matrix S €R ™" number k of clusters to construct.
* Construct a similarity graph by one of the ways described in
Section 2. Let W be its weighted adjacency matrix.
* Compute the normalized Laplacian L_,,.
* Compute the first k eigenvectors uy, ..., Uy of L.
*  Let U €R ™ be the matrix containing the vectors
Uy, ..., Uy as columns.
*  Form the matrix T €R ™ from U by normalizing the rows to
norm 1, that is set t;; = u;/(Z; )2
* Fori=1,..,n,lety, ER* be the vector corresponding to
the i-th row of T.
*  Cluster the points (y;);_,, ., with the k-means algorithm into
clusters Cy, ..., Cs.
Output: ~ Clusters A, ..., A, with A; = {j'y; EC;}.

Video scene segmentation is described in detail below. A
number of interrelated shots unified by location or dramatic
incident constitute a scene. In order to segment video scenes,
a shot is associated with its visual concept label. In a given
scene, multiple visual concepts may co-exist. Therefore, the
shots of these visual concepts are linked together with mul-
tiple shots of the same concept. Because of the intense inter-
actions between shots in a scene, the use of a label sequence
can be used to segment a video into scenes. The video scene
segmentation method is referred to in M. Yeung, B Yeo,
(1997) “Video visualization for compact presentation ad fast
browsing of pictorial content,” IEEE T-CASVT, 7(5), pp 771-
785, which is incorporated herein by reference.

A scene transition graph (STG) is defined as a directed
graph, such that “a node contains a collection of shots with
sufficiently similar visual content and a directed edge is
drawn from one node U to another node W if there is a shot in
node U that immediately precedes a shot in node W”. In fact,
the user of a label sequence can be used to segment a video
into large logical units, called Logical Story Unit (L.SU), each
of which closely approximates a semantic scene.

Let’s denote a shot as s,, its visual concept label as L, the
last occurrence of label being A in the shot from g to (g+m) as
last(A,g)=max,,., ., (i: L,=A), where i represents the shot
index and m) represent the maximum number of shots to look
ahead (empirically, we set n=10). Construction of the L.-table
last(A,g) can derive the scene transition graph (STG). The
algorithm to detect a scene proceeds as follows:

Set!=m
Sete < last(Lim)

While ’=°do
[f GasiLim) > e) e = lastim)

M
@

l<1+1
Shots Sw Sm+ls - Smee congtitutes a scene

3

The algorithm examines the sequence of labels and iden-
tifies the subsequences of labels that are of minimal length
and which contains all the recurring labels. For example,
given a video sequence with ten shots with the following
labels: A,B,A,C,D,F.C,G,D,F, the first scene consists the first
three shots, and the second scene consists the rest seven shots.

Saliency computation and scaling is described in detail
below. The saliency computation method is carried out at
each frame by fusing both visual saliency and audio saliency
values. The method of saliency analysis has been explained in
an earlier provisional application Ser. No. 61/371,458. In this
invention, motion and spatial color saliency are combined,
i.e. formulated into Quaternion Fourier Transform (QFT) of a
quaternion image, and we also incorporate additional film-
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making and content cues to highlight the important shots by
tuning up their saliency values.

A given frame t may comprise red r(t), green g(t), blue b(t)
channels. Four broadly tuned color channels are created by
the following equations:

R(@O)=r(1)-(g()+b(0))/2
G(O=g()-(r(n)+b(1))/2
B()=b(@)-(r(1)+g(0)/2

Y(O=(r(H)+g(5))/2-1r(t)-g(#)1/2-b(1)

In addition, two color difference channels are defined as
follows:

RG(H=R()-G (1)

BY()=B()-Y(0)
The intensity channel is calculated as follows:

IOy=(r(t)+g(t)+b(1)/3
The motion channel takes the absolute difference between

intensity map I(t) and ego-motion compensated intensity map
1(t—7) as follows:

M@O)=IH)-4, [t=t)+b,_ )]

where A,_ and b,_’ are the estimated camera parameters
from frame (t-7) to frame t.

The frame t can be represented as a quaternion image q(t)
as follows:

qO=MO+RGOp +BYO)p+ (D13

where p,*=-1, j=1, 2, 3; and p; Ly, L, po L, ps=py b,
Furthermore, q(t) can be represented in symplectic form as
follows:

OO0
SiO=M@®)+RG(D),

HO=BYO+H (D,
A Quaternion Fourier Transform (QFT) is performed on

the quaternion image q(m,m,t). The QFT of the quaternion
image q(m,m,t) is:

Qlut, v] = Filu, v+ Falu, v]uz

M-1N-1
1

Filu, v] = —— e 1l M((MV/MH(M/N))f‘_(n’ m)

VMN ;= nZ

where (m,m) and (u,v) are the locations of each pixel in time
and frequency domain, respectively; N and M are the image’s
height and width.

The inverse transform can be written as follows:

1 M-1

filn, m) = WZ

v=0 u:

=

-1
MmN 1)

i
=3

A frequency domain representation Q(t) of the quaternion
image q(t) can be rewritten in the polar form as follows:

2OIQ®e>®
where ®(t) is the phase spectrum of Q(t).
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In the equation shown above, if ||Q(t)||=1, the frequency
domain representation Q(t) of the quaternion image q(t)
includes only the phase spectrum in frequency domain.
Therefore, the inverse Quaternion Fourier Transform (IQFT)
of'the phase spectrum of the frequency domain representation
Q(t) of the quaternion image q(t) may be performed. The
IQFT ofthe phase spectrum q'(t) is a 2-D image map and may
be computed as follows:

q'(O=a@+b(Dp+c(Dp+d(Dus

The saliency map (sM(1)) of frame t may be obtained by
taking a smoothing filter kernel and running a convolution
with the 2-D image map q'(t):

sM(H=g*lg' OIF

where g is a 2-D Gaussian smoothing filter. In various
embodiments, for computation efficiency, only the Phase
Spectrum of Quaternion Fourier Transform (PQFT) on a
resized image (e.g., whose width equals to 128) may be
computed.

Next, the visual saliency value S, (t) of frame t can be
computed by taking the average over the entire saliency map
as follows:

Sy(0) =

Z Z sM(n, m, 1)

M-1N-1
1
m=0

MN poar

In an embodiment, the robustness of an audio BoW feature
is improved by taking into account audio words above an
acoustic saliency level to avoid the negative effect on the
BoW accuracy exerted by audio words of low saliency. This
can be due to its small value compared with noise. Here, audio
saliency is measured by a variety of low-level audio features
(scalar values), including Spectral Centroid, Root Mean
Square (RMS), Absolute Value Maximum, Zero-Crossing
Ratio (ZCR), and Spectral Flux. By using saliency masking,
the audio words experience a reliability test so that the accu-
racy of features for every word is increased.

Spectral centroid is the center of the spectrum of the signal.
It is computed by considering the spectrum as a distribution
whose values are the frequencies and the probabilities to
observe these are the normalized amplitude. Root mean
square is a measure of short time energy of a signal from norm
2. Absolute Value Maximum is a measure of short time energy
of'a signal from norm 1. The zero-crossing is a measure of the
number of time the signal value cross the zero axis. These
measures are further discussed by G. Peeters, “A large set of
audio features for sound description (similarity and classifi-
cation) in the CUIDADO project,” 2003, which is incorpo-
rated herein by reference. See also http://www.ircam.fr/
anasyn/peeters/ ARTICLES/Peeters_2003_cuidadoaudiofea-
tures.pdf, which is incorporated herein by reference.

FIG. 4 illustrates saliency masking of audio words. Within
a shot, only a certain amount of short-time audio segments
masked from the whole audio signal of the shot are sparsely
decomposed by MP to form BoW features. These segments
are chosen if their low-level feature is above a threshold. For
example, audio saliency 402 above the threshold 404 is cho-
sen in accordance with an embodiment.

In accordance with an embodiment, the audio saliency
value as S _(t) computed on the audio clip is aligned with the
boundary of video frame t.

With regard to Saliency Tuning, Camera motion is always
utilized to emphasize or neglect a certain objects or a segment
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of'a video, that is, to guide viewers’ attentions. By using the
rigid motion estimation, the camera motion type and speed
can be determined robustly. However, the challenge is how to
map these camera parameters to the effect they have in attract-
ing the viewer’s attention. The camera attention model based
on some general camera work rules is given by Y Ma, L. Lu, H
Zhang, M Li, “A user attention model for video summariza-
tion,” ACM Multimedia, 2002, pp 533-542, which is incor-
porated herein by reference.

An attention factor w_,,(t) caused by camera motion is
quantified to the range of [0-2]. A value greater than 1 means
emphasis. In contrast, a value smaller than 1 means neglect.
The user attention based model is obtained based on the
following assumptions from general movie production. First,
zooming is assumed to emphasize something. In particular,
the speed of zooming scales linearly with the importance of
the media segment. Therefore, faster zooming speeds
describe important content. Usually, zoom-in is used to
emphasize details, while zoom-out is used to emphasize an
overview scene. Second, a video producer may apply panning
if the video producer wants to neglect or de-emphasize some-
thing. As in zooming, the speed of the panning operation may
beused a metric of importance. Unlike zooming, the faster the
panning speed is, the less important the content is.

FIG. 5 illustrates an embodiment method of how to set the
scaling factors of a plurality of views based upon different
camera movements. These views illustrate camera motion by
(a) Zooming, (b) Zooming followed by still, (¢) Panning, (d)
Direction mapping function of panning, (e) Panning followed
by still, (f) Still and other types of camera motion, (g) Zoom-
ing followed by panning, (h) Panning followed by zooming,
(1) Still followed by zooming.

Visual and audio saliency fusion is described in detail
below. The visual saliency value S (t) of frame t is then scaled
by the corresponding camera attention factor w_,(t) as
S, (D=0, (t)S (1). The linear fusion of visual and audio
saliency values of frame t can be computed as follows:

S() = aSy(0) + (1 - )S4(0),

$,(0) - min{S, ()}

S = ) 5 )

Sa(0) — min{S, ()}

S O~ i .

where S () and S _(t) are the normalized visual and audio
saliency values, respectively; ae[0,1] controls the relative
importance between visual and audio saliency, which is typi-
cally set to 0.5.

In addition, shot saliency X(s) of shot s can be defined as
follows:

1
X(s) = m; S

where X(s) takes the average saliency values of the frames in
shot s, and len(s) represents the number of frames in shot s.
As each shot concept pattern encodes distinct high-level
semantic meanings, it is reasonable to expect the final video
excerpt should include a variety of shot concepts. Each con-
cept should provide at least one shot in the skimmed video as
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a hard constraint. In accordance with an embodiment, a shot
saliency tuning technique is employed to indirectly encour-
age the skimmed video to select those top-ranked salient shots
in each concept.

Suppose a shot s is in visual concept C,, its saliency X(s)
ranks the top p percentile over all shots in C;/, 1C,/| represents
the number of shots in C,’, Med ,=Median({C,’: Vi}) repre-
sents the median of the number of shots in all of visual
concepts, Min,=min({C,’: Vi}) represents the smallest num-
ber of shots in visual concepts, and the target skimming ratio
is given as R %; the scaling factor u)ch(s) of shot s in visual
concept C,/ is defined as follows:

P i i
wh(s) =1 +exp(—0.3- E)-f(lcvb, seCy

1.0
|Ci/] - Miny
Medy /2 — Miny

|G| = Medy [2

£1CyD =

05+05 otherwise

For example, if the target skimming ratio is given as 10%,
and then the top 10% salient shots in a relatively large visual
concept are more likely to be included in the skimmed video,
because their saliency values are rescaled to at least 1.7 times
as exp(-0.3)=0.74082.

The scaling factor u)cpA(s) for audio concepts and the scal-
ing factor u)cpM(s) for motion concepts can be calculated in a
similar way. The combined scaling factor w,,(s) from all of
the three types of concepts can be defined as follows:

0 ()P0, ($)+P40 () +(1-prp )0, ()

where p,p €[0.1]; p,+p =1 balance the relatively impor-
tance of the video, audio and motion concepts. In accordance
with an embodiment, p,=0.5, p,=0.3.

With video scene highlights, similar to concept pattern
highlights, the saliency values of shots from long elapsed can
be scaled up. As a result, they become important scenes.
Suppose shot s is in scene sc,, and Isc,| defines the number of
shots in scene sc,, the scaling factor w,(s) of shot s in scene
sc, is computed as follows:

40
2.0 5<lse;|10

1.0 otherwise

|sc;] = 10

wsc(s) =

After the tuning step, the shot saliency X(s) of shot s is
computed as follows:

X(8) = 05(8) 0 () X(s)

Video skimming via dynamic programming is described in
detail below. FIG. 6 illustrates a substructure for a dynamic
programming solution in accordance with an embodiment. In
order to preserve both video highlights and decent informa-
tion coverage, a Dynamic Programming (DP) algorithm is
used to solve the video skimming problem. A value function
f (@, j,t) represents a shot sequence 602 that starting at shot 1,
ending at shot j and contains y-t frames. In accordance with an
embodiment, y=30, which is the minimal shot length. It
should be noted that the shot sequence 602 does notneed to be
continuous but only fixes at two endpoints. [llustrated in FIG.
6, the value function f(i,j,t) can be maximized as follows:
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{ Fl ko) + X () + } ,
max ) ioi
_ iSIl<<j_ Aexp(=|d(j, k) —d|/ B)
f, jyn=14 70" en( )y
X ji=i
e Jj<i

where length(j) represent the length of shot j, i.e., the number
of frames in shot j, d(j,k) represents the number of frames
between shot j and shot k, d represents the average number of
frames between two nearby shots in the uniform sampling of
shot pairs if all shots are assumed to take the average shot
length.

Given the target skimming ratio, the starting and ending
shots can be searched as follows:

(start, end) = argmax f(i, j, r ~ desire skim length/y)
iJ

It is a constrained optimization problem. Brute-force
searching is feasible but inefficient; instead, it can be solved
with DP due to existence of an optimal substructure. With the
calculation of the object function value f (i,j,t) and all optimal
sub-solutions, the in-between shots can be easily traced back
through the optimal path. It should be noted that it is often
than not the shots near the beginning or ending of a video are
extremely important, and therefore, instead of searching the
starting and ending shots globally, a user can also limit the
search range or even fix the starting and/or ending shots.

FIG. 7 illustrates a simplified block diagram of a computer
system that can be used to implement the video summariza-
tion method in accordance with an embodiment. The com-
puter system 700 includes a video summarization unit 710, a
memory 720, a processor 730, a storage unit 740, network
interface input devices 750, network interface output devices
760 and a data bus 770. It should be noted that this diagram is
merely an example of a personal computer, which should not
unduly limit the scope of the claims. Many other configura-
tions of a personal computer are within the scope of this
disclosure. One of ordinary skill in the art would also recog-
nize the advanced media preview method may be performed
by other computer systems including a portable computer, a
workstation, a network computer, or the like.

The video summarization unit 710 may be a physical
device, a software program, or a combination of software and
hardware such as an Application Specific Integrated Circuit
(ASIC). In accordance with an embodiment, when the com-
puter receives a video file through the network interface input
devices 750, the processor 730 loads the video file into the
storage unit 740. According to an embodiment where the
video summarization method is implemented as a software
program, the process 730 loads the software program from
the storage unit 740 and operates it in the memory 720. After
the processor 730 performs the steps of F1G. 1, the processor
730 sends the video summarization results to the end user
through a network interface output devices 760.

Although the present invention and its advantages have
been described in detail, it should be understood that various
changes, substitutions and alterations can be made herein
without departing from the spirit and scope of the invention as
defined by the appended claims. For example, many of the
features and functions discussed above can be implemented
in software, hardware, firmware, or a combination thereof.
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Moreover, the scope of the present application is not
intended to be limited to the particular embodiments of the
process, machine, manufacture, composition of matter,
means, methods and steps described in the specification. As
one of ordinary skill in the art will readily appreciate from the
disclosure of the present invention, processes, machines,
manufacture, compositions of matter, means, methods, or
steps, presently existing or later to be developed, that perform
substantially the same function or achieve substantially the
same result as the corresponding embodiments described
herein may be utilized according to the present invention.
Accordingly, the appended claims are intended to include
within their scope such processes, machines, manufacture,
compositions of matter, means, methods, or steps.

What is claimed is:

1. A method comprising:

dividing a video into a plurality of video shots;

analyzing each frame in a video shot from the plurality of

video shots;

determining a saliency of each frame of the video shot;

determining a key frame of the video shot based on the

saliency of each frame of the video shot;
extracting visual features from the key frame;
performing shot clustering of the plurality of video shots to
determine concept patterns based on the visual features;

fusing different concept patterns using a saliency tuning
method, wherein a saliency value obtained in the
saliency tuning method is generated by fusing a visual
saliency value, an audio saliency value, a motion
saliency value and a spatial color saliency value; and

generating a summary of the video based upon a global
optimization method.

2. The method of claim 1, further comprising generating
the summary of the video based upon a dynamic program-
ming method.

3. The method of claim 1, further comprising extracting
audio features from the video shot, wherein extracting audio
features comprises:

determining audio words from the video shot; and

performing clustering on the audio words.

4. The method of claim 3, wherein determining audio
words comprises:

deriving a first set of audio words; and

calculating a saliency measure for each of the audio words.

5. The method of claim 4, wherein decomposing audio
words into a series of overlapped short-time audio segments
using matching pursuit decomposition method.

6. The method of claim 4, further comprising performing
the saliency masking comprises comparing the saliency mea-
sure to a threshold and eliminating audio words having a
saliency measure on one side of the threshold.

7. The method of claim 1, further comprising determining
the saliency of each frame of the video shot using a dynamic
programming method.

8. The method of claim 1, wherein determining the key
frame comprises selecting a frame in the video shot with a
balance between content highlights and information cover-
age.

9. The method of claim 1, wherein extracting visual fea-
tures comprises determining a collection of visual words
based on extracted visual features.

10. The method of claim 9, further comprising dividing the
video into a plurality of shots by extracting visual, motion and
audio features of each shot.

11. The method of claim 1, wherein performing shot clus-
tering comprises
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clustering to determine concept patterns among multiple
shots; and

grouping shots into concept categories.

12. A system comprising:

an extracting unit extracting a plurality of video shots from
a video;

an analyzer determining a saliency of each frame ofa video
shot from the plurality of video shots;

a key frame determiner determining a key frame of the
video shot based on the saliency of each frame in the
video shot;

a visual feature extractor extracting visual features from
the key frame;

a shot clustering block performing shot clustering of the
plurality of video shots to determine concept patterns
based on the visual features;

a saliency tuning block performing fusing different con-
cept patterns using a saliency tuning method, wherein a
saliency value obtained in the saliency tuning method is
generated by fusing a visual saliency value, an audio
saliency value, a motion saliency value and a spatial
color saliency value; and

a summary generator generating a video summary based
upon a global optimization method, wherein the global
optimization method is carried out in a plurality of lim-
ited ranges, and wherein the plurality of limited ranges
include a first range comprising a starting shot and a
second range comprising an ending shot.

13. The system of claim 12, further comprising:

an audio feature determination block determining audio
features from the video shot;

an audio saliency determination block determining
saliency of the determined audio features;

an audio word clustering block clustering determined
audio features; and

an audio and video concept aligning audio and video con-
cept categories.

14. The system of claim 12, further comprising:

a video summary generator generating a video summary
based on a dynamic programming method.
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15. The system of claim 12, further comprising:

a video summary generator generating a video summary
based upon a balance between maximum achievable
saliency and video information coverage.

16. The system of claim 12, further comprising:

avideo summary generator generating a video summary to
preserve both content highlights and video information
coverage.

17. A non-transitory computer readable medium with an
executable program stored thereon, wherein the program
instructs a microprocessor to perform the following steps:

analyzing each frame in a video shot from a plurality of
video shots, analyzing comprising determining a
saliency of each frame of the video shot;

determining a key frame of the video shot based on the
saliency of each frame the video shot;

extracting visual features from the key frame;

performing shot clustering of the plurality of video shots to
determine concept patterns based on the visual features;

fusing different concept patterns using a saliency tuning
method, wherein a saliency value obtained in the
saliency tuning method is generated by fusing a visual
saliency value, an audio saliency value, a motion
saliency value and a spatial color saliency value; and

generate a video summary based upon a global optimiza-
tion method.

18. The non-transitory computer readable medium of claim
17, wherein the program instructs the microprocessor to fur-
ther perform the steps of:

determining audio features of the video shot;

determining saliency of the audio features;

clustering determined audio features; and

aligning audio and video concept categories.

19. The non-transitory computer readable medium of claim
17, wherein the program instructs the microprocessor to fur-
ther perform the step of generating a video summary based on
the global optimization method.

20. The non-transitory computer readable medium of claim
17, wherein the program instructs the microprocessor to fur-
ther perform the step of generating a video summary based on
a dynamic programming method.
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